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Abstract

In this pap er, w e address a fundamen tal problem in the formal-

ization and implemen tation of co op erativ e kno wledge bases: the dif-

�cult y of preserving consistency while in teracting or com bining them.

Indeed, kno wledge bases that are individually consisten t can exhibit

global inconsistency . This stum bling-blo c k problem is an ev en more

serious dra wbac k when kno wledge and reasoning are expressed using

logical terms. Indeed, on the one hand, t w o con tradictory pieces of in-

formation lead to global inconsistency under complete standard rules

of deduction: ev ery assertion and its con trary can b e deduced. On the

other hand, c hec king the logical consistency of a prop ositional kno wl-

edge base is an NP-complete problem and is often out of reac h for large

real-life applications. In this pap er, a new practical tec hnique to lo cate

inconsisten t in teracting pieces of information is presen ted in the con text

of co op erativ e logical kno wledge bases. Based on a recen tly disco v ered

heuristic ab out the w ork p erformed b y lo cal searc h tec hniques, it can

b e applied in the con text of large in teracting kno wledge bases.

Keyw ords

com bining kno wledge bases, logical inconsistency , rational

agen ts, co op erativ e systems.
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1 In tro duction

In this pap er, w e address a fundamen tal problem in the formalization and

implemen tation of kno wledge bases and co op erativ e agen ts: the di�cult y of

preserving consistency while in teracting or merging their kno wledge. Since the

concept of rational agen ts has b een the sub ject of man y researc h e�orts in the

computer science domain leading to v arious notions of co op erativ e in telligen t

systems (see e.g. [1, 2, 3, 4 , 5]), let us mak e precise the terminology and the

somewhat restrictiv e de�nition of rational agen ts that w e shall use.

In this pap er, agen ts are seen as soft w are systems with enco ded kno wl-

edge and pro vided with inference capabilities. More precisely , the agen ts are

equipp ed with deductiv e inference mec hanisms, implemen ting sound and com-

plete rules of standard logic. The kno wledge of eac h agen t is enco ded within

a kno wledge base (KB) using a represen tation language that is expressiv ely

equiv alen t up to full prop ositional standard logic. Suc h a framew ork is some-

what restrictiv e from a conceptual p oin t of view since it is of a prop ositional-

lev el and do es not include explicit in trosp ection mec hanisms nor direct means

for expressing other mo dalities. Ho w ev er, w e claim that it is expressiv e enough

and adequate to address man y real-life applications. Moreo v er, the results

that will b e describ ed in this pap er can b e extended to �rst-order KBs un-

der �nite Herbrand in terpretations. Lik ewise, although our concept of agen ts

is kno wledge-based orien ted, w e claim that the tec hnique that will b e pre-

sen ted in this pap er can b e extended to the global consistency problem of an y

distributed system where the sp eci�cations of the individual agen ts can b e

describ ed using the ab o v e logical framew ork.

Supp ose no w that w e w an t to merge or simply in teract the kno wledge of

sev eral suc h agen ts and KBs. Clearly , ev en when eac h agen t is consisten t, the

resulting global kno wledge can b e inconsisten t, due to distributed con tradic-

tory pieces of information. This problem is common to all kno wledge-based

agen ts framew orks. It is particularly damageable and di�cult to solv e when

logical agen ts and KBs are considered. It is damageable b ecause inconsistency

exhibits global consequences under complete rules of deduction. The smallest

incoherence will allo w an y assertion (and its con trary) to b e dra wn from the

kno wledge, making this latter one useless. It is di�cult to solv e b ecause consis-

tency c hec king in prop ositional logic is an NP-complete problem, th us making

the detection of inconsistency often out of reac h. Ho w ev er, there has b een a
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recen t breakthrough with resp ect to the problem of pro ving the consistency

of large and hard prop ositional problems. Indeed, sev eral authors (see e.g.

[6, 7]) ha v e sho wn ho w v ery simple lo cal searc h tec hniques allo w one to pro v e

the consistency of large set of prop ositional form ulas, outp erforming more con-

v en tional tec hniques. Unfortunately , suc h lo cal searc h tec hniques are logically

incomplete in the sense that they cannot b e used to pro v e in a de�nitiv e man-

ner that a set of prop ositional form ulas is inconsisten t, whic h is the underlied

tec hnical issue addressed in this pap er. Apparen tly , the b est that could b e

done in this resp ect w ould b e to conclude that a KB is probably inconsisten t

when w e fail to pro v e, within a limited amoun t of time, that it is consisten t.

Clearly , this w ould not b e a totally satisfactory solution. Moreo v er, this w ould

pro vide us with no information indicating whic h part of the KB is probably the

inconsisten t k ernel. Ho w ev er, w e ha v e sho wn recen tly that, quite surprisingly ,

lo cal searc h tec hniques can b e used to lo cate probable inconsisten t k ernels [8].

Using this tec hnique, w e ha v e b o osted complete tec hniques allo wing one to

pro v e in a formal w a y the inconsistency of suc h k ernels for large prop ositional

KBs. W e think that this result could op en new p ersp ectiv es with resp ect to

sev eral issues in designing co op erativ e logic-based agen ts and KBs. Mainly , it

allo ws one to lo cate and ev en pro v e resulting inconsistencies when in teracting

the kno wledge or sp eci�cations of sev eral KBs and agen ts.

The pap er is organized as follo ws. First, w e recall some tec hnical bac k-

ground ab out c hec king satis�abilit y in prop ositional logic and describ e the use

of lo cal searc h metho ds in that resp ect. Then, w e describ e ho w these metho ds

can b e used, �rst, to lo cate the probable inconsisten t k ernels of large KBs, sec-

ond, pro v e the inconsistency in a de�nitiv e manner. Accordingly , w e presen t

exp erimen tal results ab out com bining large KBs, represen ting co op erativ e ra-

tional agen ts under in teraction.

2 SA T and lo cal searc h tec hniques

Since w e consider agen ts whose kno wledge and reasoning are formalized within

a prop ositional logic framew ork, let us recall the tec hnical nature of testing

the consistency of a set of prop ositional form ulas.

Let T and F denote the truth v alues true and false , resp ectiv ely . Let 
 b e a

�nite set of prop ositional v ariables. � is the prop ositional language of form ulas
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formed in the usual w a y using T and F , 
 and the standard connectors ^ , _

and : (i.e. and , or and not ). SA T consists in c hec king the satis�abilit y of a

form ula of �, when it is expressed in conjunctiv e normal form (CNF). Let us

recall here that an y prop ositional form ula can b e translated thanks to a linear

time algorithm in CNF, equiv alen t with resp ect to SA T [9 ]. A CNF form ula is

a set (in terpreted as a conjunction) of clauses, where a clause is a disjunction of

literals, the empt y clause represen ting the truth v alue F . A literal is a p ositiv e

or negated prop ositional v ariable. Accordingly , a KB will b e a CNF.

An in terpretation of a form ula is an assignmen t of truth v alues T and

F to its v ariables. A mo del is an in terpretation that satis�es the form ula.

Accordingly , SA T consists in �nding a mo del of a CNF form ula when a mo del

do es exist or in pro ving that there do es not exist an y mo del.

SA T is actually an NP-complete problem of reference [10], making the de-

sign of practical metho ds in all situations v ery improbable. Recen tly , there

has b een a renew al of in terest in designing e�cien t metho ds for hard SA T in-

stances. On the one hand, sev eral authors (e.g. [11]) ha v e impro v ed logically

complete but exp onen tial-time tec hniques lik e DP [12] (see Fig. 1 ).

Pro cedure DP

Input : a CNF S

Output : true or false (a de�nitiv e statemen t ab out

the consistency of S ), and, in the former case,

a satisfying truth assignmen t of S

Begin

Unit propagate( S )

1

if the empt y clause is generated then return ( false )

else if all v ariables are assigned then return ( true )

else b egin

select a remaining v ariable p

return (DP( S ^ p ) _ DP( S ^ : p ))

end

End

Figure 1: Da vis and Putnam's Pro cedure (basic v ersion).
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Pro cedure GSA T

Input : a set of clauses S , MAX-FLIPS, and MAX-TRIES

Output : a satisfying truth assignmen t of S , if found

Begin

for i := 1 to MAX-TRIES

I := a randomly generated truth assignmen t

for j := 1 to MAX-FLIPS

if I satis�es S then return I

x := a prop ositional v ariable suc h that a c hange

in its truth assignmen t giv es the largest

increase in the n um b er of clauses

2

of S that are satis�ed b y I

I := I with the truth assignmen t of x rev ersed

end for

end for

return \no satisfying assignmen t found"

End

Figure 2: GSA T Algorithm (basic v ersion).

Ho w ev er, these impro v ed complete tec hniques remain of a limited practical

scop e since they do not allo w one to address large KBs. On the other hand,

logically incomplete tec hniques based on lo cal searc h ha v e b een sho wn surpris-

ingly e�cien t in pro ving the consistency of large and hard problems. They

are logically incomplete in the sense that they cannot pro v e that a problem

is inconsisten t, since they do not c hec k the whole set of in terp etations. Let

us no w brie
y recall one of these metho ds, namely Selman et al. 's GSA T

algorithm [6 , 13], whic h is illustred in Fig. 2 . This algorithm p erforms a greedy

lo cal searc h for a satisfying assignmen t of a set of prop ositional clauses. The

algorithm starts with a randomly generated truth assignmen t. It then c hanges

(\
ips") the assignmen t of the v ariable that leads to the largest increase in the

total n um b er of satis�ed clauses. Suc h 
ips are rep eated un til either a mo del

is found or a preset maxim um n um b er of 
ips (MAX-FLIPS) is reac hed. This

1

Assigns compulsory truth v alues to literals in unitary clauses and to all v ariables o ccur-

ring only in one form (i.e. either p ositiv e or negativ e) in S .

2

This n um b er can b e negativ e.
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pro cess is rep eated as needed up to a maxim um of MAX-TRIES times.

In the sequel, w e shall alw a ys consider a more recen t v arian t of GSA T,

namely TWSA T [7 ] (as T ab o o W alk Strategy for SA T). TWSA T departs from

basic GSA T b y making a systematic use of a tabu list of v ariables in order to

a v oid recurren t 
ips and th us escap e lo cal minima. More precisely , TWSA T

k eeps a �xed length -c hronologically-ordered FIF O- list of 
ipp ed v ariables

and prev en ts an y of the v ariables in the list from b eing 
ipp ed again during

a giv en amoun t of time. TWSA T outp erforms GSA T and its v arian ts (e.g.

Random-W alk GSA T [6, 13 ]) in most situations (see [7 ]).

These v ery simple algorithms that b elong to the lo cal searc h family are sur-

prisingly e�cien t in pro ving that CNF form ulas are consisten t. Unfortunately ,

they are logically incomplete in the sense that they cannot b e used to pro v e in

a de�nitiv e manner that a KB is inconsisten t, whic h is the underlied tec hnical

issue addressed in this pap er. Apparen tly , the b est that could b e done in this

resp ect w ould b e to conclude that a KB is probably inconsisten t when w e fail

to pro v e, within a limited amoun t of time, that it is consisten t. Clearly , this

w ould not b e a totally satisfactory solution. Moreo v er, this w ould pro vide us

with no hin t ab out whic h part of the KB is probably the inconsisten t k ernel.

3 A heuristic to lo cate inconsisten t k ernels

3

Actually , w e ha v e disco v ered that GSA T-lik e algorithms can pro vide us with a

really e�cien t heuristic to lo cate probable inconsisten t k ernels. Moreo v er, this

heuristic can b o ost logically complete tec hniques allo wing them to pro v e the

inconsistency of large prop ositional KBs, a problem that w as far out of reac h

of con v en tional tec hniques. Let us describ e this in more detail.

W e ha v e observ ed the follo wing phenomenon in the trace of GSA T-lik e

algorithms when they are applied to inconsisten t KBs [8 ]. T aking eac h 
ip as

a step of time, w e up date for eac h clause the n um b er of times during whic h this

clause is falsi�ed. A similar trace is also recorded for eac h literal o ccurring in

the KB, coun ting the n um b er of times it has app eared in the falsi�ed clauses.

In tuitiv ely , it seemed to us that the most often falsi�ed clauses should normally

3

All the algorithms men tioned in this pap er are implemen ted in a common platform

written in C under Lin ux 1.1.53, a v ailable from the authors b y anon ymous ftp at ftp.li
.fr,

c d pub/pr oje cts/SA T . All exp erimen tations ha v e b een conducted on i486 D X2 66 PCs.
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b elong to an inconsisten t k ernel of the KB if this KB is actually inconsisten t.

Lik ewise, it seemed to us that the literals that exhibit the highest scores should

also tak e part in this k ernel. Most often, this h yp othesis pro v es exp erimen tally

correct.

W e ha v e conducted v ery extensiv e exp erimen tations and ha v e observ ed

the follo wing phenomenon. When GSA T-lik e algorithms are run on a lo cally

inconsisten t KBs (i.e. when the inconsistency is due to a subpart of the KB,

only), then the ab o v e coun ters allo w us to split the KB in to t w o parts: a

consisten t one and a (v ery probably) unsatis�able one. An signi�can t gap is

obtained b et w een the scores of some clauses and the scores of the other ones.

Actually , it app ears that, most often, the clauses with the highest scores form

an inconsisten t k ernel of the KB.

This feature is illustrated in Fig. 3 , where the scores of the ab o v e coun ters

are giv en when TWSA T is applied to a KB resulting from the union of t w o large

initial ones (eac h initial KB con taining 6500 clauses (with a n um b er of literals

p er clause ranging from 2 to 4) referring to 5000 di�eren t v ariables o ccurring

in b oth KBs). Eac h initial KB w as sho wn consisten t using TWSA T (in less

than 2 seconds). TWSA T failed to pro v e that the merged KB is consisten t.

Ho w ev er, the trace of TWSA T sho w ed us that a few (5) clauses exhibit a v ery

high score. Some of them b elonging to the �rst initial KB while the others

b elonging to the second one. W e then applied to the subKB formed with these

clauses a standard complete metho d based on Da vis and Putnam pro cedure to

sho w that it w as actually inconsisten t (this to ok 0.01 second). This subKB is

th us an inconsisten t k ernel causing the inconsistency of the whole merged KB.

Retracting this k ernel from the merged KB, w e managed to pro v e (in less than

11 seconds) using TWSA T that the �ltered KB is consisten t. On the other

hand, w e ha v e run sev eral of the b est optimized v ersions of standard complete

tec hniques (e.g. CSA T [11 ]) on the inconsisten t merged KB but obtained no

result within a 24 H preset CPU time.

This exp erimen tation has b een rep eated v ery extensiv ely and has giv en

rise to this phenomenon extremely often. By itself the disco v ery of a practical

w a y to lo cate probable inconsisten t k ernels is a v ery p ositiv e result. Indeed,

w e can no w implemen t tec hniques addressing these k ernels in sev eral w a ys. A

�rst-one could simply consist in rejecting the probable inconsisten t k ernel from

the merged KBs. It could also consist in requesting a h uman agen t to c hec k it

and, when needed, correct the pieces of in teracting kno wledge that seemed to

7
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cause inconsistency .

Pro cedure DP+TWSA T

Input : a set of clauses S

Output : a satisfying truth assignmen t of S if found, or a de�nitiv e statemen t

that S is inconsisten t

Begin

Unit propagate( S )

if the empt y clause is generated then return ( false )

else if all v ariables are assigned then return ( true )

else b egin

if TWSA T( S ) succeeds then return ( true )

else b egin

p := the most often falsi�ed literal during TWSA T searc h

return (DP+TWSA T( S ^ p ) _ DP+TWSA T( S ^ : p ))

end

end

End

Figure 4: DP+TWSA T: direct com bination sc hema.

More am bitiously , w e migh t w an t the system to pro v e formally that this

probable inconsisten t k ernel is actually inconsisten t. As for the ab o v e example,

w e migh t apply standard tec hniques to the disco v ered k ernel in order to pro v e

its inconsistency . This simple sc hema can only b e used when the disco v ered

probable inconsisten t k ernel is of manageable size and when the gap b et w een

the score of the clauses of the k ernel and the score of the remaining clauses is

large enough.

Ho w ev er, exploiting further our ab o v e heuristic, w e ha v e managed to de-

v elop a new complete metho d of pro ving inconsistency that outp erforms the

b est standard ones [8]. This metho d can b e describ ed as follo ws. W e run

TWSA T to select the next literal to b e assigned the truth-v alue true b y DP .

This literal is selected as the one with the highest score as explained ab o v e.

Suc h a tec hnique can b e in terpreted as using the trace of TWSA T as a heuris-

tic for selecting the next literal to b e assigned true b y DP , and a w a y to extend

the partial assignmen t made b y DP to w ards a mo del of the KB when this KB
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is satis�able. Eac h time DP needs to select the next v ariable to b e considered,

suc h a call to TWSA T can b e p erformed with resp ect to the remaining part

of the KB. This algorithm is giv en in Fig. 4 .

Clearly , this is a basic com bination sc hema that can b e optimized in sev eral

w a ys, mainly b y �nding an optimal balance b et w een the time sp en t b y the lo cal

searc h and the complete tec hnique. Ho w ev er, its p erformance is impressiv e,

compared with traditional tec hniques. In [8], w e sho w v ery extensiv e results

on standard b enc hmarks [14]. T o illustrate this in the con text of KBs merging,

w e ha v e randomly generated 140 pairs of large consisten t prop ositional KBs

(eac h con taining 6625 clauses (equally divided in to clauses consisting of 2, 3

and 4 literals) and referring to 4990 v ariables that can o ccur in b oth KBs, eac h

literal ha ving the same probabilit y to o ccur in an y clause). Then, w e randomly

generated 140 inconsisten t k ernels consisting (in the a v erage) of 10 clauses of

three literals. Moreo v er, the v ariables in these k ernels exhibit (appro ximately)

a same probabilit y to o ccur in the k ernel than the probabilit y of the other

4990 v ariables to o ccur in the consisten t KBs. Then, for eac h pair of initial

consisten t KBs, w e inserted an inconsisten t k ernel in the follo wing w a y . W e

split the set of clauses of the inconsisten t k ernel in to t w o parts; eac h of them

w as then merged in one of the t w o consisten t KBs. Using TWSA T, w e pro v ed

that the resulting KBs remained consisten t. W e then merged the t w o KBs

to giv e rise to a large inconsisten t one. Using our com bination sc hema, w e

managed to lo cate the no w disp ersed inconsisten t k ernel and pro v ed that the

resulting global KB is inconsisten t, this within an a v erage CPU time of 10.07

seconds. On the other hand, w e ha v e run standard complete tec hniques to

pro v e this inconsistency (including the e�cien t CSA T [11 ]) on sev eral suc h

merged KBs but failed to pro v e an y of the inconsistencies within a 24 H preset

CPU time.

4 P ersp ectiv es and conclusions

Handling inconsisten t kno wledge or b eha viour is a recurren t problem in arti�-

cial in telligence. It is an ev en more serious issue in the con text of distributed

agen ts and co op erativ e systems since the global kno wledge or b eha viour can

pro v e inconsisten t ev en when the agen ts or systems are individually consisten t.

Ob viously enough, global logical consistency of rational agen ts is not a
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su�cien t condition to ensure a con�ctless co op eration. Ho w ev er, it forbids

opp osite actions and conclusions deriv able under complete rules of deduction,

that could render the whole system meaningless.

Since c hec king logical consistency in the general prop ositional case is an

NP-complete problem, it is often b eliev ed that it is in tractable in the con-

text of real-life applications. Accordingly , man y w orks in arti�cial in telligence

adressing issues in v olving inconsistency lea v e the implemen tation issue op en

and concen trate on academic examples and theoretical problems. F or exam-

ple man y w orks on nonmonotonic logics and b elief revision put the accen t

on imp ortan t formal issues without addressing the implemen tation one. This

also true for main arti�cial in telligence logic-orien ted w orks ab out com bining

sev eral sources of kno wledge (e.g. [15, 16, 17]), where the accen t is put on se-

man tical and pro of-theoretical issues, mainly . Ho w ev er, NP-completeness do es

not mean that there is no hop e for tractable implemen tations for signi�can t

applications. Ob viously , w e cannot hop e for e�cien t implemen ted systems in

all situations (unless P = NP). Nev ertheless, as this pap er illustrates it, e�-

cien t solutions can b e obtained for real problems. Since the main limit of our

approac h lies in the ratio b et w een the size of the inconsisten t k ernels and the

size of the KBs, this should mak e our approac h viable in man y real-life appli-

cations, where the inconsistency is often due to a subpart of the kno wledge.

Can w e hop e for more progress? Clearly , the disco v ery of the v ery go o d

p erformance of lo cal searc h tec hniques for SA T [6] w as a surprise and has

op ened new p ersp ectiv es for this problem. As stressed b y Selman [18], lo-

cal searc h tec hniques are only kno wn to allo w one to pro v e the consistency

of prop ositional form ulas, not their inconsistency: \one ob vious dra wbac k is

that sto c hastic searc h cannot b e used to pro v e the inconsistency of a set of

constrain ts". In this resp ect, w e b eliev e that the results giv en in this pap er

form another go o d surprise and op en new p ersp ectiv es in allo wing lo cal searc h

tec hniques to address the inconsistency issue as w ell. W e think that it is a �rst

step to w ards future ev en more e�cien t implemen tations for large scale real-life

deduction and satis�abilit y problems.

Finally , although our tec hnique has b een dev elop ed for a v ery basic notion

of rational agen ts, w e hop e that it coud b e exp orted to more expressiv e frame-

w orks, mainly to prop ositional mo dal agen ts including mo dalities for kno wlege,

b eliefs and plans.

11



5 Ac kno wledgemen ts

This w ork has b een supp orted b y the Gan ym � ede I I pro ject of the Con trat de

Plan Etat/Nord{P as-de-Calais.
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